Background : Electronic cigarettes (e-cigarettes or e-cigs) are a popular emerging tobacco product. Because e-cigs do not generate toxic tobacco combustion products that result from smoking regular cigarettes, they are sometimes perceived and promoted as a less harmful alternative to smoking and also as means to quit smoking. However, the safety of e-cigs and their efficacy in supporting smoking cessation is yet to be determined. Importantly, the federal drug administration (FDA) currently does not regulate e-cigs and as such their manufacturing, marketing, and sale is not subject to the rules that apply to traditional cigarettes. A number of manufacturers, advocates, and e-cig users are actively promoting e-cigs on Twitter.
Introduction
Electronic cigarettes (e-cigarettes or simply e-cigs) were introduced in the United States (US) in 2007 [1] and are currently a popular emerging tobacco product across the world. An e-cig essentially consists of a battery that heats up liquid nicotine available in a cartridge into a vapor that is inhaled by the user [2] . E-cig users are termed vapers and the process of using an e-cig is called vaping. E-cigs are similar to conventional tobacco cigarettes with regards to visual, sensory, and behavioral aspects and hence were observed to reduce craving [3] . Owing to their recent introduction, there are very few studies on e-cig safety, risk of abuse, and their efficacy as a smoking cessation aid especially about long term use effects. In fact, currently the search phrase electronic nicotine delivery systems OR e-cigarette OR electronic cigarette with its plural/hyphenated variants yields 1794 articles in the PubMed search system out of which 1459 (≈ 81%) had dates of publication in 2014 or 2015. Because e-cigs do not generate toxic combustion products that are produced with tobacco cigarettes, they are perceived and also sometimes marketed as suitable alternatives for smoking cessation [4] . However, scientific research to verify these claims is limited and is often inconclusive. On one hand there are studies that indicate comparable or superior effectiveness of e-cigs in smoking cessation [5, 6] . However, there are also results [7, 8] that show no such associations exist between e-cig use and quitting or reduced conventional cigarette consumption. Another recent effort [9] also indicates that passive exposure to ecigs increases the desire to smoke both regular cigarettes and e-cigs. Nevertheless, current research seems to indicate that they are less harmful than traditional cigarettes [10] .
The ongoing healthy scientific debate around e-cigs is welcomed by the society, especially by regular smokers who are interested in quitting or adopting less harmful alternatives. However, lack of FDA regulation (except for therapeutic use) has heavily increased marketing of e-cigs on the Web [11] and through television ads [12] even if individual states have recently started to enact their own regulations to limit sales, marketing, and use [13] . According to a 2013 Centers for Disease Control and Prevention (CDC) report [14] , e-cig consumption doubled in middle and high school students from 2011 to 2012. Furthermore, 9.3% of middle and high school ever e-cig users in 2012 have never smoked conventional cigarettes. Alarmingly, this percentage goes up to 20.3% when considering only middle school students. A more recent CDC report [15] shows that e-cig use tripled from 2013 to 2014 among middle and high school students. Since long term safety of e-cigs has not been thoroughly studied yet, the prospect of adolescents developing nicotine dependence could be detrimental to public health in future generations. When considering adult smokers, however, the significant increase in e-cig awareness has reduced their perception of e-cigs as being less harmful compared with regular cigarettes [16] . Since Web based advertising and discussion still plays a major role in e-cig marketing and use and given one in four online US teenagers uses Twitter [17] , we believe it is critical to study the landscape of e-cig messages and their authors on Twitter.
Although e-cig message themes and author classification might be highly granular, in this pilot project we take a simpler approach to tweet author classification -each tweeter is either a "proponent" or not for our purposes. Proponents are tweeters who represent e-cig Email addresses: ramakanth.kavuluru@uky.edu (Ramakanth Kavuluru), akm.sabbir@uky.edu (AKM Sabbir) sales or marketing agencies, individuals who advocate e-cigs, or tweeters who specifically identify themselves as vapers in their profile bio. Essentially these tweeters are generally more inclined to support e-cigs regardless of their specific motivation (e.g., business, lobbying, smoking cessation). In this paper, based on a hand-labeled dataset of 1000 tweeter profiles, we build machine learned models to automatically identify proponents. We subsequently use this model to analyze the content of tweets generated by proponents in comparison with other tweeters along several well known e-cig themes (e-cig flavors, harm reduction, smoke-fee aspect, and smoking cessation) using straightforward text processing. We demonstrate that proponents are many times as likely to highlight the attractive (and sometimes scientifically not yet verified) aspects of e-cigs compared with regular tweeters. To our knowledge this is the first attempt in identifying proponents and a first step in building a framework for automatic surveillance of e-cig related chatter.
Background and Related Work
Since its introduction in 2006, Twitter has grown into one of the top 15 visited websites [18] in the world with 100 million daily active users who generate over 500 million tweets per day [19] . The asymmetric network structure of Twitter inherently supports information diffusion and given that a recent study [20] reveals that over 95% of Twitter profiles are public, mining tweets is a practical tool to measure user engagement with various events and products. Since users are not required to publicly declare personal information, several recent studies have focused on identifying user demographic attributes such as age groups and life stages [21] , gender [22] , and race and ethnicity [23] .
In the context of public health, Twitter based automatic syndromic surveillance has been shown to have high correlation with traditional surveillance methods [24, 25] with the added advantage of near real time access to trends, especially in the early epidemic stages [26, 27] . Recent efforts also noted Twitter's suitability for promoting health literacy [28] , encouraging fitness activity [29] , and monitoring drug safety [30] . In the context of tobacco control advocacy, researchers found significant reach through Twitter in obtaining signatures for an online petition to drop tobacco sponsorship for an international music concert in Indonesia [31] . Another recent Twitter based study focused on emerging tobacco products [32] found high prevalence of positive sentiment for hookah and e-cig. It also successfully demonstrated the application of machine learning methods in automatically identifying tobacco related tweets, constituent themes, and sentiments.
The most relevant effort in the context of our paper is from Huang et al. [33] who automatically identify "commercial" tweets from a corpus of nearly 73,000 tweets collected in the months of May and June in 2012. For their purposes tweets that contain links to sales websites and promotional messages are all commercial regardless of who posts them (regular tweeters vs e-cig marketers/advocates). They use DiscoverText, a cloud based commercial text analytics software program, to semi-automatically (Naive Bayes with additional heuristics) classify tweets as commercial or not. They report that 90% of their tweets are commercial and nearly 10% of such tweets mention smoking cessation. In our effort, instead of identifying commercial tweets, we identify e-cig proponent Twitter profiles using supervised machine learning. We believe this is a more direct approach that aids in electronic surveillance efforts needed in the immediate future to monitor e-cig marketing/publicity practices and as such complements Huang et al.'s effort. Furthermore, compared with 2012, there is an order of magnitude increase in the number of e-cig tweets (based on an official quote from Twitter Inc.) and our experiments are conducted on a corpus of over one million e-cig related tweets. After identifying proponent profiles, we conducted analyses along well known e-cig themes to see differences in tweeting behaviors of proponents and regular tweeters.
Datasets and Annotation
We used two different datasets of e-cig related tweets: the first set of 224,000 tweets was obtained using rate limited Twitter streaming API during the months of September to December 2013 and a second dataset of nearly one million tweets (purchased from the exhaustive Twitter firehose 1 ) for the month of March 2015 that match the query terms: electronic-cigarette, e-cig, e-cigarette, e-juice, e-liquid, vape-juice, and vape-liquid. Variants of these terms with spaces instead of hyphens or just without the hyphens (for matching hashtags) were also used in the query. These terms were chosen in consultation with a faculty member in the College of Nursing at the University of Kentucky (UKY) who works on tobacco policy research. They are specific enough and empirically shown to result in a 99% match to actual e-cig related tweets [33] . The juice/liquid terms represent the liquid nicotine cartridges that need to be refilled for the vaping devices. The smaller dataset represents a free sample curated during a four month period and the second larger dataset constitutes a full dataset from one month. Thus, we get a recent estimate of around 31,000 e-cig tweets per day (as of March 2015) compared with about 1200 such tweets per day in mid 2012 [33] , indicating a 25 fold increase.
Our supervised prediction of proponents on Twitter relies on each tweeter's Twitter username, profile bio/description, and their latest tweets. The username or handle is unique to each tweeter and can be up to 15 characters in length. Optionally, each tweeter can also choose to write a profile bio of at most 160 characters to characterize his/her persona on Twitter. If a tweeter never tweets about e-cigs (matches none of our query terms) during a period of surveillance, we automatically assume that they are not a proponent. Thus only those tweeters who have authored at least one e-cig tweet are considered as candidates for classification. Due to reasons that we elaborate later, we classify profiles with empty bios differently compared with those that have non-empty profile descriptions. Based on a sample of 34,000 unique users with at least one e-cig tweet during our four month sample collection, we determine that approximately 20% of e-cig tweeters have empty profile descriptions where the tweeters choose not to provide a bio. Our supervised approach is designed for the 80% of e-cig tweeters with non-empty bios. We use a simpler lexical pattern matching approach for tweeters with empty bios. Next, we outline the training dataset creation for classifying tweeters with non-empty bios.
We randomly chose 1000 tweeter profiles with non-empty bios from the 2013 e-cig tweet dataset. Two annotators independently annotated each of those profiles with a positive (proponent) label if the bio indicates that they are in e-cig sales/marketing or if they are advocates or vapers. This seemed reasonable given our manual overview of the dataset indicated that bio text is often a strong indicator of tweeter perception of e-cigs. For example, the following are a few real bios from our dataset.
• "a vaper trying to help other find that sweet state of vape."
• "I love e-cigs. If anyone wants to buy, I can hook you up."
• "a Finnish vaping advocate who semi occasionally enjoys rambling on youtube"
• "Proud vaper and constitutionalist. I support vaping and the constitution as is was written."
• "Dedicated to bringing the best deals on vaping needs."
• "Manufacturer and distributor of American made premium vape Juice. We also sell ecigarettes and supplies from around the world."
If the bio does not give enough evidence to make a conclusive decision, the annotators looked at the recent 200 tweets generated from that profile to see if they are predominantly favoring e-cigs. We note that tweeters who retweet e-cig favoring tweets are also considered proponents even if they are not original authors of those tweets. We reiterate that for our purposes proponents are tweeters who are generally more inclined to support e-cigs regardless of their specific motivation (e.g., business, lobbying, smoking cessation). We obtained "almost perfect" inter annotator agreement with Cohen's κ = 0.88 based on agreement ranges from Landis and Koch [34] . After ignoring the 43 profiles where the annotators disagreed, we have 957 profiles in the final dataset with 216 proponents and 741 in the negative class.
Proponent Classification Model
Given the short size of the profile bio we just used the logistic regression (LR) classifier in the Python Scikit-Learn [35] machine learning library. As indicated in Section 3, we use features extracted from the username, bio, and latest tweets to build the classification model. We split our dataset into 70% training and 30% test splits with stratified sampling of both classes. Using average four fold cross-validation F-scores computed over 200 distinct shuffles on the training dataset, we identified the best feature combination from all the feature types we experimented with as shown in Table 1 . Next, we present details of our feature space.
Tweeter Bio and Tweet Text Features
Unigrams and bigrams are traditional n-gram features typically used in text classification. Besides this, we also use parts of speech of different tokens in both bio and latest tweets' text. In addition to this we also used sentiment score features from bio and latest tweets. For a given bio (or a set of latest tweets taken as a single text blob), our features are the average positive and negative scores of the text computed over all sentiment words in it using the scores available in SentiWordNet 3.0 [36] . Each of the sentiment word scores is a real number in [0, 1] where the higher the value the higher the degree of sentiment (positive or
Feature description Presence in best combination
Unigrams and bigrams from bio and latest tweets Part of speech tags of bio and latest tweets Average positive and negative polarity scores of the bio and latest tweets Topic distribution of bio: Based on 10 topics for bios and 20 topics for latest tweets generated using LDA based on training dataset profiles Presence of user mentions, URLs, and punctuation marks in the bio Length of the bio and average length of latest tweets; also binarized versions of these features: whether the lengths are above the averages determined on training data Presence of the following terms as substrings in user name: vape, vapor, vapour, vaping, ecig, eliquid, ejuice (e.g., @ecighunter, @askavaper, @vapeclub) Table 1 : Feature groups explored for predicting e-cig proponents negative) expressed. Thus the average positive and negative scores are also in that range and are indicative of the degree of both types of sentiments present in the bio or latest tweets.
We also included topic modeling based features using bios and latest tweets. The central idea is to apply latent Dirichlet allocation [37] modeling using the MALLET [38] toolkit to the bio text from all profiles in the training dataset and at the test time "fold in" a new bio into the model to infer probabilities P (t i |b) of the topic t i given the new bio b. Based on experiments we determined ten is the ideal number of topics for the bios and twenty topics for modeling the latest tweets. This means that for each bio, we will have as features P (t 1 |b), . . . , P (t 10 |b) for the new bio b. Similarly, for each set of latest tweets we have twenty features based on topic modeling. The ideal number of topics was selected based on the value of k ∈ {10, . . . , 100}, the number of topics, that maximizes average 5-fold cross validation F-score over 200 distinct shuffles of the training dataset.
We also used binary features to incorporate presence of user mentions, URLs, and certain punctuation marks (e.g., !, ?) in the bio. However, these features did not end up in best feature combination. Similarly length of the bio and average length of the latest tweets also did not make it into the final model based on cross validation experiments. Another important binary feature is the presence of e-cig related keywords (specifically vape, vapor, vapour, vaping, ecig, eliquid, ejuice) appearing as substrings of the tweeter user name as shown in the final row of Table 1 . For example, consider a candidate tweeter with username @vapeclub. Given this username contains "vape" as a substring, this Boolean feature will fire for this tweeter at training and test times.
Weighted Model Averaging Ensemble
A key finding in our initial experiments was that simply using latest tweets based and profile bio based features together in the same model is not very helpful since crucial predictive signal in the bio text (being short, about 160 characters) was getting drowned out by features from the tweeter's latest tweets even when we considered only 10 or 20 latest tweets in our experiments. To address this, we applied χ 2 feature selection [39, Chapter 13.5] method for n-grams resulting from the joint model. Without any feature selection we obtained an F-score of 0.78 and applying feature selection by selecting the top m% of the features with m = 90, . . . , 10 reduced the F-score to 62%. Thus feature selection did not help in this scenario and the original F-score of 0.78 turns out to be much lower than what were able to obtain using a weighted ensemble model described next.
To counter the performance issues in our earlier experiments, we also trained two separate LR models: one based on just the bio and username based features (say, M b ) and the second one based only on latest tweets' features (say, M r ). In our experiments to obtain the best M r , we conducted cross-validation experiments on training data with various numbers of recent tweets (specifically, with 10, 20, . . . , 100 tweets) included in the model and found that latest 20 tweets gave the best performance. The final prediction model M is the weighted average of positive class probability estimates output by both models. That is
where α ∈ [0, 1]. We determined that α = 0.85 and the recent 20 tweets to be the best configuration for this weighted averaging approach by maximizing cross validation F-scores on the training data. Specifically, to find optimum α we did a simple grid search with 0.1 increments starting with α = 0.1 and noticed a maximum F-score at a value of 0.8 for α with dips on either side at 0.7 and 0.9. Then we conducted another grid search experiment with 0.01 increments in the range 0.7 < α < 0.9 and found a new maximum F-score value at α = 0.85. Thus we use α = 0.85 in all our experiments in the rest of the paper. Intuitively, this means that profile bio is nearly six times more important than latest tweets in spotting proponents, which is not surprising given our single model with both feature types resulted in very poor performance. The latest tweets for test profiles are collected immediately before making a prediction using Twitter's rate limited API calls. We believe this is a natural set up for this scenario given predictions need to be made with the snapshot of what can be readily obtained, at the time, that would more appropriately reflect the proponent status of a tweeter. The full pipeline for the proponent classification approach described thus far is shown in Figure 1 . At training time the model at the right most end is built while at the test time it is used to make predictions.
Overall Results and Feature Ablation Experiments
Using the best feature combination as represented in Table 1 and the weighted model averaging approach with α = 0.85, we trained a model on the training data and tested on 30% test set to obtain a F-score of 0.896 (with precision 0.96 and recall 0.84). Since this is the score on a single run, we considered 500 distinct shuffles of our full dataset. For each shuffle, we used stratified sampling (maintaining class proportions) to split it into 80%-20% train-test sets and using the best combination, trained on the 80% set and tested on the 20% set. Using this approach and descriptive statistics, we obtain a mean F-score 0.9152 (0.9147 -0.9157), mean precision 0.9721 (0.9716 -0.9726), mean recall 0.8663 (0.8656 -0.8671), and mean overall accuracy 0.9598 (0.9588 -0.9608) with 95% confidence intervals shown in parentheses. The simple baseline for accuracy of 77% obtained by always picking the non-proponent class is 18% lower than the lower bound of the 95% confidence interval for that measure, which further warrants the application of our methods.
Using 500 distinct shuffles of the dataset, we ran feature ablation experiments where we removed one feature at a time to measure the performance drop incurred, which indicates the contribution of that feature to the overall model. From ablation results shown in Table 2 we see that dropping latest tweet features causes biggest drop in recall and dropping the username substring feature (last row of Table 1 ) causes the biggest drop in precision, F-score, and accuracy. POS tag ablation causes a small drop in performance compared with polarity score and topic distribution score removal. This is not surprising because the tweets and bios of proponents seemed to largely revolve around e-cig themes while regular tweeters discuss varied topics and are not focused on e-cigs. For all features, the drop in recall is always larger than the drop in precision and accuracy does not drop as much as F-score.
Overall our efforts have resulted in a very high precision model with reasonable recall for profiles with non-empty bios. Specifically, the feature that incorporates e-cig related terms as substrings of tweeter username turns out to be a powerful predictor for spotting proponents. We use this specific lexical pattern matching feature to identify proponents for tweeters with empty bios (about a fifth of all e-cig tweeters). That is, for profiles with empty bios we simply see if certain e-cig related terms (last row of Table 1 ) are in the username and if they are present, we classify corresponding tweeters as proponents. A manual examination of 500 profiles with user names that have these terms as substrings reveals a 99% precision of this approach in identifying proponents for tweeters with empty bios. However, at this point, we don't have a methodical way to do a supervised approach for identifying proponents with empty bios that do not fit this simple criterion. Still, most users whose bios are empty and Table 2 : Feature ablation results with averages computed over 500 distinct shuffles of the dataset do not match this user name based rule appear to be regular non-proponent tweeters based on a manual examination of a sample of such profiles.
Analysis of Proponent Tweets
In this section, we analyze the tweets generated by proponents and other tweeters along familiar e-cig themes. Before we proceed, we introduce a slight modification to the way we apply the model built in Section 4. We analyzed the confusion matrix of the test set predictions of our model and noticed that there were several false negatives which could have been captured by applying the simple user name substring match approach used for empty profiles (last row of Table 1 ). Given this particular substring based classification yields near perfect precision (see Section 4), for the rest of the paper we apply our model to non-empty profiles that do not match the user name substring match. However, we note that this user name based identification approach is not comprehensive because proponents do not always use such user names. In our experiments with two datasets in the rest of the section, our full model yields 25-35% (depending on the dataset used: sample vs exhaustive) more proponents compared with the simpler user name based identification. To analyze the tweets from proponents compared with the rest of the users, we apply our model to the tweeters in two different datasets introduced in Section 3. The first dataset is a free rate limited sample from a four month period (September to December of 2013) and the second dataset is an exhaustive dataset of nearly one million tweets for the month of March 2015. This newer one month dataset has nearly 360,000 tweeters. Given our model depends also on latest tweets and Twitter imposes prohibitive rate limits for collecting latest tweets in a timely fashion, we chose to look at 100,000 randomly chosen tweeters and their tweets (nearly 350,000) in the new dataset. The old free API based dataset has 34,000 tweeters and 224,000 tweets in the sample generated by them. Although we consider a subset of the tweeters in the new dataset, we believe this captures a different perspective given we are more likely to hit frequent tweeters with the rate limited free sampling approach but are likely to incorporate more infrequent tweeters with the selected subset from the one month dataset. After applying our classification model to these tweeters in both datasets, we obtain results as shown in Table 3 . We notice that the percentage of proponents is 3% more in the older sample compared to the subset of the exhaustive one month dataset. This is not surprising given the subset of the exhaustive sample is more likely to capture tweets from infrequent tweeters who are occasionally tweeting about e-cigs.
Proportions of Proponents and their Tweets
The final two columns of Table 3 show the total number of tweets and corresponding sizes of the subsets generated by the proponents. From the first row, for the rate limited sample from 2013, we notice that on average a proponent generates twice as many tweets as other tweeters. Based on the second row we notice that in the 2015 sample, on average proponents tweet more than fives time as other tweeters. We compute this by simply comparing the average number of tweets by proponents (72384/4359 = 16.6) with those by regular tweeters: (349401 − 72384)/(100000 − 4359) = 2.9. We indicated in Section 3 that the number of tweets per day on e-cigs has increased 25 times compared with the rate in 2012. Here we also observed that the tweets by proponents are also increasing considerably compared with those by regular tweeters. Although it is not surprising that proponents tweet more often, it is nevertheless interesting to quantify this and and to see the dramatic increase from 2012 to 2015.
Sentiment Analysis of Proponent Tweets
We looked at the mean average positive and negative sentiment scores of tweets (in the 2013 dataset) by the proponents and others groups from our hand-labeled dataset. This was done by obtaining average positive and negative scores per tweet (based on the constituent word scores form SentiWordNet 3.0) and then finally averaging these scores across sets of tweets by proponents and others. The mean positive scores are 0.92 and 0.79 and the mean negative scores are 0.01 and 0.03, for tweet sets from proponents and others, respectively. It has been shown previously [40] that English language tends to have a positive bias on social media (including Twitter) and that also seems to hold for our datasets. However, the proponent tweets conveyed higher positive scores (0.92) compared with others' tweets (0.79), which is not unexpected because their tweets often contain positive words used in the context of e-cigs.
Thematic Analysis of E-cig Tweets
In this section, we focus on tweet content analysis based on four popular e-cig themes shown in the first column of Table 4 . These themes were identified based on consultation with a researcher who works on tobacco policy at UKY. Before we get into details of various themes, we briefly describe different elements of Table 4 . The 'total' column in the table indicates the total number of tweets in the dataset for a specific theme and the 'by props' column indicates the number of those tweets arising from proponents identified through our methods in Section 4. As we can see, although proponents form a very small percentage (third column of Table 3 ) of the full set of tweeters, they generate a significant proportion of tweets for many of these popular e-cig themes. To compare the tweeting behavior of proponents compared with others, we use the measure rate ratio = proportion of thematic tweets by proponents proportion of proponents proportion of thematic tweets by others proportion of others , where the proportions of thematic tweets by proponents are obtained from Table 4 (columns 3 and 6) and proportions of proponents over the full datasets are obtained from Table 3 (column 3). So this is the ratio of the average number of thematic tweets by a proponent to the average number of such tweets by a non-proponent. For example, consider the smoking cessation theme for the 2015 dataset. The proportion of thematic tweets for proponents is 65% (from column 6 of Table 4 ) and for others is 100 − 65 = 35%. Similarly, proportion of proponents is 4.3% in 2015 (column 3 in Table 3 ) and others is 100 − 4. Table 4 : Thematic distribution of e-cig tweets for proponents vs other tweeters
E-cig Flavors Theme
One of the distinctive features of e-cigs compared with traditional cigarettes is the multitude of flavors available ranging from fruits to desserts. We went through websites of three popular e-cig company websites (Blu, Njoy, and VaporFi as identified in [33] ) and curated a set of 22 popular flavors including menthol, strawberry, blueberry, cola, cherry, and mint in the order of their frequency. We simply searched for these flavor names in our e-cig tweets to obtain our counts shown in Table 4 . As we notice from the rate ratio, proponents are 15 times more likely to tweet about e-cig flavors based on the 2013 sample and are 20 times more likely to do that based on recent data. FDA might regulate the use of flavors as it had done for regular cigarettes and at least as of now it appears that proponents are heavily tweeting the flavor rich aspect of e-cigs. A caveat here is that some of the tweets mentioning e-cigs might also be discussing consuming the various berries as fruits instead of using flavored e-cig. However, our manual examination of several hundred flavor containing e-cig tweets revealed that it is very rare and only happens with the chocolate flavor given users often mentioned drinking hot chocolate while vaping. Given this disambiguation issue, the chocolate flavor was ignored in our analysis.
Before we move ahead, we note that our thematic tweet identification was based on filtering with Python regular expressions that model lexical constraints. For the sake of clarity, we present more intuitive lexical expressions in the rest of this section. Furthermore, our focus was on precision of identifying tweets belonging to a particular theme and hence lexical expressions seemed more appropriate given the tweets are already related to e-cigs. These expressions were determined in consultation with a faculty member who works in tobacco policy research at UKY.
Harm Reduction Theme
Another popular theme in e-cig discussions is perceived harm reduction compared with traditional cigarettes. Although there might be merit in claims that e-cigs are not as harmful, publicity of this nature might point youth and other non-smokers to another gateway to form nicotine addiction. Hence this may not be an appropriate way to promote e-cigs in general. We identified e-cig tweets on this topic by searching with the expressions: harm reduction, reduced harm, less harmful, safe[r] than, safe[r] alternative, and healthy/healthier alternative. Note that these searches are only limited to our tweets that are already filtered using e-cig related keywords as discussed in Section 3. From Table 4 , we see that in the recent data sample, proponents are 60 times more likely to discuss this aspect compared with other users. The ratio increased by 60/13 = 4.6 times from late 2013 to early 2015 for this theme.
E-cigs' Smoke-free Aspect
A major hindrance to using traditional cigarettes is the smoke they generate and the smoking bans in place due to that reason. Second hand smoke related consequences might also discourage smokers to reduce their consumption especially in public places and in the presence of family members. Hence e-cig proponents are more likely to highlight the smoke free aspect of vaping. We applied further filtering on our e-cig tweets using the following expressions: 1. smoke[-]free, 2. smoke[-]less, and 3. tokens 'tobacco' or 'smoking' and the word 'alternative' in a tweet. We used optional hyphen or white space for the first two expressions and the third expression requires the occurrence of either tobacco or smoking in the tweet along with word alternative. From the third row of Table 4 we can see that the rate ratio has increased three times from 2013 to 2015. It is also extremely high, at 42, as of early 2015.
Smoking Cessation Theme
Our final theme is smoking cessation with the aid of e-cigs. Given evidence is still being gathered and clinical studies are being conducted to actually test these claims, it may not be appropriate to publicize e-cigs as means to quit smoking. To estimate the popularity of this theme, we filter our e-cig tweets based on the following tweet text constraints
• stop/stopped/stopping smoking Table 4 , there is a staggering six fold (the highest among four themes) increase in rate ratio compared with the older dataset. However, we also notice that the absolute volume of cessation related tweets has decreased given the newer dataset has 125,000 more tweets than the 2013 sample.
Although we have been careful in the paper to convey that the thematic tweets simply match a few specific lexical patterns, we would be remiss if we did not also discuss an important shortcoming of this approach. In our filtering we did not account for negated mentions or more generally speaking the polarity of statements that discuss a given theme. For example, our dataset has tweets matching our cessation patterns that mention a research study where e-cigs were not shown to aid in cessation. Similarly tweets that say e-cigs are not less harmful are also included in the harm reduction theme. However, in this work we essentially identified tweets that discuss a theme but not necessarily their polarity, which is a crucial next step in our efforts on this topic. This does not necessarily take away from our analysis because proponents rarely discuss negative aspects of e-cigs especially with regards to harm reduction and smoking cessation. However, it would be interesting to understand the polarity of tweets by the others group along these two themes.
Concluding Remarks
E-cigs are a popular emerging tobacco product currently not regulated by the FDA. As such, their sales and marketing are not subject to the stricter rules typically applied to regular cigarettes although individual states have recently enacted laws to regulate them to some extent. In this paper, to aid automated surveillance of e-cigs on social media, we conducted what we believe is the first study to automatically identify e-cig proponents on Twitter. Using a hand-labeled dataset, we built a classification model with features based on tweeter bio, latest tweet text, and user name. Our model achieves a precision of 97% with recall of 86% and can be used to classify new unseen profiles. We applied our model to two different datasets with complementary characteristics collected in late 2013 and March 2015. Our experiments showed that e-cig proponents on Twitter constitute a very small percentage of the tweeters who write about e-cigs. However, they tweet more often (two to five times) compared with other users and are tens of times more likely than others to highlight favorable, but not often scientifically corroborated, aspects of e-cig use. Based on this feasibility study we believe automated surveillance of e-cigs on Twitter is an important research direction that has tremendous application potential especially in the immediate future in the context of impending FDA initiated regulations.
We identify several new research directions that can advance automated surveillance of e-cigs. Most of these tasks involve human annotation of user profiles and tweets to generate training data.
1. In this effort we focused on identifying proponents using a broad definition. However, an important future research direction is to identify fine grained classes, such as sales/marketing profiles, individual e-cig advocates who are not affiliated with any companies, regular e-cig users (even if they don't explicitly advocate e-cigs), and pro-regulation representatives.
2. Given gender, age group, race and ethnicity can be predicted with reasonable accuracy [21, 22, 23] , an important immediate future research direction is to use these methods to classify e-cig tweeters into these demographic categories and study e-cig themes in tweets by specific subpopulations. For example, given teenagers, and especially african american teens, are an active group on Twitter [17] , studying this specific subpopulation with regards to popular e-cig topics may yield crucial insights into their usage patterns and perceptions.
3. Polytobacco is the practice of simultaneously using multiple forms of tobacco including regular cigarettes, e-cigs, hookah, and snus, which can lead to dangerous nicotine dependence. Another important question is to understand prevalence of polytobacco by spotting tweets that discuss such usage and identifying other forms being used along with e-cigs. Additionally, usage of addiction forming substances such as alcohol, illicit drugs, and prescription drugs along with e-cigs can also be studied by a more refined analysis of tweet content.
4. Another important direction is to identify "popular" tweets and factors contributing to the popularity of different types of e-cig related tweets where popularity is assessed in terms of retweets, replies, and favorites. For example, what tweet characteristics (such as presence of images, URLs, hashtags, numbers of followers) drive the popularity of ecig sales/marketing tweets vs pro-regulation tweets. For tweets that gathered significant retweet/favorite/reply activity from teenagers, identify factors for such popularity including the proportion of their friends who contributed to such activity before them, their gender/and race. We believe this will not only aid in surveillance, but also in developing strategies to maximize the diffusion of results of scientific research and recommendations from FDA to a broader audience on Twitter, which will be critical to raise awareness.
